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Abstract
Dendrograms are a way to represent evolutionary relationships between organisms.
Nowadays, these are inferred based on the comparison of genes or protein sequences by
taking into account their differences and similarities. The genetic material of choice for
the sequence alignments (all the genes or sets of genes) results in distinct inferred
dendrograms. In this work, we evaluate differences between dendrograms reconstructed
with different methodologies and obtained for different sets of organisms chosen at
random from a much larger set. A statistical analysis is performed in order to estimate
the fluctuation between the results obtained from the different methodologies. This
analysis permit us to validate a systematic approach, based on the comparison of the
organisms’ metabolic networks for inferring dendrograms. It has the advantage that it
allows the comparison of organisms very far away in the evolutionary tree even if they
have no known ortholog gene in common.
Introduction
Dendrograms are a way to represent the evolutionary relationships among entities, such
as species, proteins, coding genes, exons,... In our case, for a given dendrogram we will
consider two types of nodes: Leaves (a node connected with another single node)
represent species, either current or extincted, and the rest of nodes (connected with
more than one node) represent a common ancestor of the nodes hanging from it.
These dendrograms can only be inferred based on data of currently living species or,
in a few cases, using fossil records. Currently, the most accepted methodology in order
to construct (infer) such dendrograms is to infer the distance of two organisms to their
common ancestor based on the comparison (alignment and scoring) of their genetic
sequences, what is termed phylogenetics.
Alignments between sequences are not unique, as the scoring of the alignments can
differ. As a consequence, different dendrograms will be reconstructed for the same set of
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organisms when applying different methodologies (e.g. distance matrix, maximum
parsimony, maximum likelihood, Bayesian inference,. . . ) in the reconstruction. Even the
same methodology may result in different dendrograms depending on the material one
chooses to study, e.g. a single gene, a set of genes, amino acid sequences or whole
genomes. Therefore, it may become important not only to obtain a dendrogram, but to
know how a dendrogram can be compared to others. In other words, a measurement to
compare several dendrograms and to evaluate what is the expected difference between
them and their fluctuation is needed. An accepted metric in order to evaluate
dendrograms’ differences is the Robinson-Foulds metric [1] also known as the symmetric
difference metric on dendrograms, which evaluates the cost needed to modify one
dendrogram to obtain the other. See also [2–4].
Closely related species share many genes in common, while distant species will share
very few traits. Traditionally, phylogenetic relationships among distant species have
been computed using the small subunit ribosomal RNA (16S) sequences in the
comparisons [5]. Some works have used other conserved sequences, such as a subset of
genes [6] or a combination of these [7]. In the last years it has been increasingly feasible
to perform whole genome alignments [8, 9]. Studies have pointed out the importance of
considering only sets of genes [10], but they have been mixed about the usefulness of
filtering the genome sequences that are compared [11]. Thus, which is the perfect set of
sequences, if any, in order to obtain a dendrogram that includes very distant species is
still a matter of debate [7].
Recently, a new approach based on the comparison of metabolic networks has been
proposed in order to infer the distance between two organisms [12]. Metabolic networks
are graphs where every metabolite in an organism’s metabolome represents a node and
pairs of nodes are connected whenever a chemical reaction in the organism’s metabolism
connects the two metabolites as substrate-product. Metabolic networks’ properties have
been extensively studied [13] and present many characteristics in common (e.g.
approximate scale-free distribution of their node’s degrees, high clustering coefficient,
small-world structure), which indicate a common internal organization of the studied
metabolisms.
A metabolic network is reconstructed using the information of all enzymes contained
in an organism. Therefore, it contains the information of a large subset of this
organism’s genome. Moreover, even organisms far away in the evolutionary tree will
share important pathways; also, many metabolites (nodes) are ubiquitous and will be
present in all species. This explains that differences and similarities can always be
established between two given metabolisms. In fact, is has been published that the
comparison of metabolic networks represents a valuable tool in order to infer
phylogenetic relationships [12,14,15].
In this work, we systematically construct and compare dendrograms built from
different sets of organisms using different genes, proteins or networks. Our goal is to
present evidences that dendrograms reconstructed using only information from
metabolic networks are comparable to more traditional gene-based dendrograms in
terms of accuracy and comprehensiveness.
The work is organized as follows: In the Materials and Methods section, we explain
in detail how we obtained and processed our data in order to reconstruct the
dendrograms, how the sequence alignments were performed and the scoring systems and
methods we used to obtain the distance matrices and, lastly, how to evaluate the
distances among dendrograms. We also explain the graph theoretical aspects used in
the network comparison, how the “network” dendrograms were constructed and how the
dendrograms’ differences were evaluated. In the Results and Discussion section we
explain the statistical analysis performed and discuss our results. We also included an
appendix with mathematical details about how the Pagerank algorithm is used to
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determine the relative importance of every metabolite in an organism based on their
connections to the rest of the metabolic network.
Materials and Methods
Dataset used to build the dendrograms
We retrieved from the KEGG database [16] a large set of organisms genes, and we
identified those associated with enzymes. For each enzyme in a given organism, we
identified all the chemical reactions associated with that enzyme, such that, for each
organism we were able to build a list of all identified chemical reactions potentially
present in its metabolism. Moreover, for each gene we obtained their corresponding
nucleic acid and amino acid sequences. Details on the procedures used to obtain
information from KEGG can be found in [17].
Separately, for each prokaryotic organism in our dataset, we searched the NCBI
database for its 16S rRNA subunit sequence using an automatized script including the
terms Genus species[Orgn] AND 16S ribosomal RNA[Titl] NOT partial
sequence[Titl], where Genus species was the binomial nomenclature of each
organism in the dataset obtained from KEGG. This search was designed to retrieve only
complete sequences and discard partial ones.
Our original data set built with KEGG’s information comprised originally 4803
organisms. From these, the metabolic networks of 3972 organisms were completed,
whereby NCBI searches retrieved 16S rRNA subunit sequences for 1537 of them. The
intersection of all these sets resulted in a dataset with 1506 prokaryote organisms for
which we had complete information, i.e. we had all sequences for their enzymes, the
complete list of chemical reactions and 16S rRNA nucleotide sequences.
Definition and construction of dendrograms
Our analysis is based on three categories of dendrograms. Shortly, these are referred to
as gene-based dendrograms, network dendrograms, and random dendrograms. Gene-based
dendrograms are those constructed based on sequence alignments. We compute three
different gene-based dendrograms, the difference between them comes from the sequence
(or sequences) used in the alignments: either a large set of proteins (amino acid
sequences); a single protein from this set; or the 16S rRNA subunit nucleic-acid
sequences. Metabolic network dendrograms are those constructed via comparison of
metabolic networks reconstructed from the list of chemical reactions that is obtained
from the annotation of the organism’s genome. The random dendrograms are
constructed by linking the organisms in a set at random.
Given a set of N organisms the first step in our proposed dendrogram reconstruction
is the evaluation of a symmetric N ×N distance matrix (D), where each element
element Dij is a measure of the “evolutionary” distance between organism i and j. The
evaluation of this matrix follows different methodologies that are described in the
following subsections. Here we explain the reconstruction of the dendrogram once the D
matrix is calculated. For this, we follow the same procedure as in [12].
The matrix D can be viewed as a complete weighted graph G = (V,E,w). The set
of nodes V stands for all the organisms in the dataset. Each pair of different organisms
are linked by an edge in E. A non-negative function w : E → R+0 associates a weight to
each edge, according to the distance between the organisms connected by that edge.
Once this weighted graph is generated, we apply Kruskal algorithm to obtain a
minimum spanning tree. A spanning tree is an acyclic and connected subgraph
G′ = (V ′E′, w′) of G such that V ′ = V and E′ ⊂ E. The edges in E′ have the same
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weights as the corresponding ones in E. Among all the spanning trees of a given graph
G, a minimum spanning tree is a spanning tree such that the sum of the weights
associated to their edges is minimum respect to all the admissible spanning trees of G.
Further information on trees and graphs can be found in [18]. From the minimum
spanning tree a dendrogram is obtained. This dendrogram represents the relationships
among the given set of N organisms. The lengths of the branches in the dendrogram are
proportional to the distances in the matrix D.
Gene-based dendrogram construction
Gene-based dendrograms will be based on pairwise alignment of nucleotides or amino
acid sequences, i.e. the matrix distance D for the organisms present in a set is evaluated
from the result obtained from sequence alignments. The alignments are done using the
Needleman-Wunsch algorithm [19] with affine gap penalty. The algorithm inserts gaps
in the sequences in order to create the alignment that maximizes some score S. In the
scoring of an alignment the opening of a gap subtracts 10 points from S and every
extension of the gap subtracts 0,5 points. In the nucleotide alignments every match of
nucleotides adds 5 points and a mismatch subtracts 4 points, while for the alignment of
amino acid sequences, different standard matrices are used (BLOSUM and PAM).
Given the alignment score S we define the parameter P as:
P = 1− S
M
(1)
were M is the maximum score possible (the score which would be obtained with no
mismatches and no gaps in the alignment). The smaller P is, the closer the two
sequences are. Typically, P is a value between 0 and 1 but, for very bad alignments, a
P larger than 1 is possible, meaning that gaps and mismatches in the alignment
subtracted more points than matches added.
In the comparison of two organisms 1 ≤ i, j ≤ N , if each organism has only one
sequence to be compared, the distance Dij between both of them is just the result for P
in (1) obtained from the alignment of this sequence. If one or both organisms in a
comparison have more than one sequence corresponding to the same gene we match
each sequence from the organism with the least number of sequences to its best
alignment with sequences from the other organism. Then, we set the distance Dij as
the average P¯ for the values of P obtained from each possible alignment.
Three different gene-based dendrograms were constructed for each set of organisms,
we call them by DRIBO, DENZS and D1ENZ :
• DRIBO is a dendrogram constructed using the rRNA sequences for the 16S
ribosomal subunit.
• DENZS is a dendrogram constructed using the amino acid sequences of all
proteins associated to all EC numbers common to all organisms in a set. (The
average number of common EC numbers among all organisms in a set, for the
organisms sets we worked with, was 40.15± 20.73.)
• D1ENZ is a dendrogram constructed using the amino acid sequences associated to
a single EC number taken at random from all EC numbers common to all the
organisms in the set.
Network dendrogram construction
For the construction of dendrograms based on networks, the matrix distance D is
obtained from the comparison of the metabolic networks of each pair of organisms in
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the set. The first proposed methodology to construct dendrograms based on metabolic
networks can be found in [12]. In this previous work, a parameter (ζ) is defined as the
result of the comparison of two networks. This parameter depends on weighted averages
over different sets of metabolites (common or not to each pair of organisms), where the
weights of the metabolites are evaluated according to their connectivity degree. In the
present work, we will test an array of parameters, including this ζ , in order to establish
the one that produces dendrograms that are more similar to the ones produced by the
other methodologies.
Given two arbitrary organisms 1 ≤ i, j ≤ N , we consider the metabolic networks of
each one of these organisms as weighted graphs. In any of these graphs, nodes stand for
metabolites and edges between a pair of nodes indicate the presence of a chemical
reaction in the corresponding organism’s metabolism, that links the two metabolites as
substrate-product.
A successful approach to measure the importance of a node in a network can be
obtained by using the Pagerank algorithm [20]. This was inspired by the eigenvalue
problem on scientometrics and successfully used in the former versions of the Google
browser. Afterwards, Pagerank has been extensively used in network theory for different
purposes. For instance, in computational biology it has been used for determining which
are the key species in a food web that can cause the collapse of the entire system [21] or
for improving outcome prediction for cancer patients [22]. In our work, Pagerank is used
to assign weights to the edges as a result of an application of this algorithm to the
graph resulting of the union of the metabolic networks of all organisms in a set. For
details about our implementation of the Pagerank algorithm, please refer to the
supplementary material section.
From the metabolic networks of organisms i and j, let us define the sets of edges Aij ,
Bij and Cij , where Aij is the set of edges present in organism i but not in j, Bij is the
set of edges present in organism j but not in i, and Cij is the set of edges present
simultaneously in both networks of organisms i and j.
Given these three sets, Aij , Bij , and Cij let us define the following parameters:
αij =
∑
l⊂Aij
wl (2)
βij =
∑
l⊂Bij
wl (3)
γij =
∑
l⊂Cij
wl (4)
where the sums are made for the weights wl, given by the Pagerank, of all edges l in
each set. Details in how the weights are evaluated are discussed in supplementary
materials. Defined as such, the parameters αij and βij represent measures of the
differences between the networks i and j respect to each other, while the parameter γij
is a measurement of the similarity between them. For a schematic representation of this,
please refer to Figure 1.
Different network dendrograms are going to be constructed for each set of organisms,
based on different choices of parameters for the distance matrix D:
• DS1 is obtained when the distance matrix is given by Dij = |ni − nj | where ni is
the number of nodes in each network.
• DS2 is obtained if Dij = |ei − ej |, where ei is the number of links in each network.
• DNET1 is obtained if Dij = ntotγij , where ntot is the number of common
metabolites in networks i and j.
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• DNET2 is obtained if Dij = αij + βij , where αij and βij are defined in (2) and
(3).
• DNET3 is obtained if Dij =
αij+βij
γij
, where αij , βij and γij are defined in (2)-(4).
• DNET4 is obtained if Dij = ζij , with ζij calculated following the procedure
in [12]. In this article, the parameters α, β and γ are evaluated following the same
principles as in this present work, but the sums in (2)-(4) are made over nodes
and not over links and the weights of the nodes are related to their connectivity.
Finally, the parameter ζij is the equivalent to the parameter used in DNET3
above, but using nodes and not links in the evaluation.
Note that DS1 and DS2 are two different ways of comparing the difference in size of
two given networks, while the other dendrograms take into account a measurement of
the importance of the links and/or nodes which are either common to both networks or
particular to only one of them. Additionally to these dendrograms, we will also consider
a dendrogram built linking the different species at random which we will call DRAND.
These random dendrograms are produced by generating a symmetrical distance matrix
whose elements are uniformly distributed random numbers.
Dendrogram comparisons
Since different methods have been proposed for generating dendrograms from the same
set of organisms, a measure is needed for comparing them. Robinson-Foulds metric,
introduced in [1], allows to measure how similar two dendrograms are. This metric has
been widely used since it is not limited to binary trees and is based on counting
elementary operations which transform one dendrogram into another. The lower the
difference between two dendrograms is, the more similar the two dendrograms are. A
more detailed description can be found in the Supplementary Material. Several
algorithms have been described for efficiently compute this metric [2,3]. In this work we
have considered the implementation in the Python library DendroPy [23].
Two ensembles were constructed by randomly choosing organisms from the 1506
organisms set for which there was complete information. The first ensemble contains 10
sets of organisms, each set containing 20 organisms. The second ensemble contains 10
sets of 30 organisms. Additional file ensembles.txt contains the organisms in each set
in each ensemble. In the additional files, each organism is identified by its KEGG code
(usually a 3 letter code).
The procedure adopted is the following: given an ensemble, for each organisms set in
the ensemble, the different distance matrices are calculated and gene-based and network
dendrograms are constructed. So, for each set, 9 distance matrices (3 gene-based and 6
based on networks) are evaluated and the corresponding 9 dendrograms are constructed.
Each dendrogram is compared using the Robinson-Foulds metric to the other
dendrograms, making up to 36 comparisons (as there are 36 possible combinations of 9
elements two by two). This is repeated for each set in the ensemble and the resulting
comparisons are averaged over all sets.
Note that the distance parameter in each methodology has arbitrary units. For
comparing the dendrograms, we rescale the distances in the dendrograms such that the
biggest distance is always 1. Note that distances do not have a direct correspondence to
any real unit, only the relative distance has a meaning. Therefore, a rescaling of the
numbers in a dendrogram should not result in any bias in the comparisons.
Figure 2 illustrates the workflow adopted: we have picked at random the sets of
organisms to build up both ensembles, then we have compared their sequences and with
Kruskal algorithm we have built dendrograms. Then we have compared the different
dendrograms using Robinson-Foulds metric.
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Results and Discussion
We have worked with two ensembles, all constructed by randomly selecting organisms
from the 1506 organisms dataset for which we had complete information (see the
aforementioned dataset subsection). The first ensemble contained ten organisms sets
with twenty organisms in each set while the second ensemble contained ten organisms
sets with thirty organisms in each set.
For each set in an ensemble, we construct 3 gene-based dendrograms (denoted by
DRIBO, DENZS and D1ENZ), 6 network dendrograms (denoted by DS1, DS2, DNET1,
DNET2, DNET3 and DNET4) and also 100 random dendrograms (DRAND). Then we
compare each dendrogram with each random dendrogram and with each other
(calculate the symmetric difference, i.e. Robinson-Foulds Metric). We evaluate the
average and standard deviation for every pair of PT for each organisms set, so that all
comparisons are covered.
The results of these averages are in Tables 1-3 with the standard deviation given as
uncertainty. The smaller the value in an element in one of these tables is, the more
similar the corresponding dendrograms are. In an additional file trees.txt, we provide
all 9 dendrograms (DRIBO, DENZS, D1ENZ, DS1, DS2, DNET1, DNET2, DNET3,
DNET4) obtained for each set in each ensemble.
We wanted to compare our dendrograms built with enzymatic information with well
known distances of amino acid substitutions. Thus, we compared the DENZS, a
dendrogram constructed using all common enzymes amino acids sequences, built using
different scoring matrices, such as BLOSUM and PAM matrices. BLOSUM matrices are
amino acids substitution matrices based on observed alignments [24]. BLOSUM45 is
used for distantly-related proteins and BLOSUM62 for midrange-related proteins. On
the other hand, PAM amino acids substitution matrices’ observations are extrapolated
from comparisons of closely related proteins, as they look for point accepted mutations
(PAM) [25]. These consist on the replacement of a single amino acid in the protein
sequence with another single amino acid. For instance, PAM250 matrix was calculated
based on 1572 observed mutations in 71 families of proteins with alignments that were
more than 85% identical [26]. Results can be seen in Table 1. Unsurprisingly, this table
shows small distances between DENZS dendrograms built with different substitution
matrices and, thus, the resulting dendrograms are very similar. This is due to the fact
that PAM and BLOSUM matrices have equivalences, for instance, PAM250 retrieves
very similar results as BLOSUM45 [26] and, thus, dendrograms built with substitution
matrices that give similar results will be similar. From this diversity of DENZS
dendrograms, we chose to use for the following comparison only the DENZS built with
the BLOSUM55 matrix.
In order to visualize the comparison of results, dendrograms were done from the
tables using pvclust package [27] in R statistical software using Ward.D clustering
method and euclidean distance on the Robinson-Foulds values for each dendrogram pair.
Two different methods of significance are shown: approximately unbiased p-value (AU)
and bootstrap probability value (BP). AU p-value is computed by multiscale bootstrap
resampling and is generally a better approximation to unbiased p-value than BP value
that is computed by normal bootstrap resampling [27].
In Table 2 and Figure 3 we have compared gene-based and network methods for the
first ensemble with ten sets of twenty organisms each and in Table 3 and Figure 4 we
have shown the same results for the second ensemble with ten sets of thirty organisms
each. As expected, values in these tables are higher than in table 1 where the only
difference in the construction of the dendrograms is the scoring matrices used in the
alignments. Due to its usage as the closest measure we have to an evolutionary distance
standard regarding pair-wise sequence comparison, we have compared our results to
DRIBO dendrograms, which has been constructed comparing 16s ribosomal sequences
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among organisms within each set. In the first ensemble, DNET1 and DNET2 are the
closest dendrograms to DRIBO, very close to the following two: DNET2 and DNET3.
In the second ensemble, DNET2 is closest to DRIBO, but very close to DENZS and
D1ENZ. In both cases dendrograms built using network (DNET1, DNET2, DNET3 and
DNET4) and enzymes (D1ENZ and DENZS) information are closer to DRIBO than
dendrograms built using number of nodes (DS1) or links (DS2) information or randomly
built (DRAND).
Conclusions
Building dendrograms is an approximation to capture the evolutionary distance of
different species. Present work targets the potential of using metabolic topologies of two
given species to search for evolutionary distances rather than (or as a complementary
way) to use pair-wise sequence comparison of enzymes. The results of the second
ensemble suggest that, in some cases, network comparison might be even better than
amino acid sequence alignment of enzymes in order to infer relationships between
organisms. Also of importance is the message that considering the size of the networks
as a distance between organisms is a very poor way to capture the organisms’
relationship, as can be seen with the results for dendrograms DS1 (number of nodes in
the network) and DS2 (number of links), that are closer to DRAND than to gene-based
dendrograms.
The last decade has provided researchers with loads of sequences from a wide variety
of organisms, promoting the development of new tools and the renewal of old ones.
Hereby, we have have shown the possibility to incorporate topological information in
these studies, as well as to compare dendrograms built with very different
methodologies and to study their ability to capture evolutionary distances comparing it
with a well established methodology, such as the alignment of the 16S subunit of
ribosomal RNA. This shows the potential of network studies to explain and complement
sequence alignment methodologies and hints to a future where evolutionary distances
may be calculated considering very different sources of information. This
complementarity has been the focus of a recent work where metabolic networks and
evolution have been shown to give very interesting insights into one another [28].
Acknowledgments
The research leading to these results has received funding from the European Union
Seventh Framework Program (FP7/2007-2013) under grant agreement number 308518
(CyanoFactory).
We also thanks Salvador Capella-Gutie´rrez for helpful discussions on the topic.
Authors’ contribution
D. Gamermann and J.A. Conejero developed the methodology, performed the
calculations and built the dendrograms. A. Montagud analysed the results and these
three authors wrote the manuscript. P. Ferna´ndez de Co´rdoba and J. Urchuegu´ıa
conceived and funded the study. All authors read and approved the manuscript.
Preprint 8/22
References
1. Robinson DF, Foulds LR. Comparison of phylogenetic trees. Mathematical
Biosciences. 1981;53(1–2):131 – 147. Available from:
http://www.sciencedirect.com/science/article/pii/0025556481900432.
2. Day WE. Optimal algorithms for comparing trees with labeled leaves. Journal of
Classification. 1985;2(1):7–28. Available from:
http://dx.doi.org/10.1007/BF01908061.
3. Pattengale ND, Gottlieb EJ, Moret BME. Efficiently computing the
Robinson-Foulds metric. J Comput Biol. 2007;14(6):724–735 (electronic).
Available from: http://dx.doi.org/10.1089/cmb.2007.R012.
4. Bo¨cker S, Canzar S, Klau G. The Generalized Robinson-Foulds Metric. In:
Darling A, Stoye J, editors. Algorithms in Bioinformatics. vol. 8126 of Lecture
Notes in Computer Science. Springer Berlin Heidelberg; 2013. p. 156–169.
Available from: http://dx.doi.org/10.1007/978-3-642-40453-5_13.
5. Woese CR, Fox GE. Phylogenetic structure of the prokaryotic domain: the
primary kingdoms. Proc Natl Acad Sci USA. 1977 Nov;74(11):5088–5090.
6. Ciccarelli FD, Doerks T, von Mering C, Creevey CJ, Snel B, Bork P. Toward
automatic reconstruction of a highly resolved tree of life. Science. 2006
Mar;311(5765):1283–1287.
7. Lienau EK, DeSalle R, Allard M, Brown EW, Swofford D, Rosenfeld JA, et al.
The mega-matrix tree of life: using genome-scale horizontal gene transfer and
sequence evolution data as information about the vertical history of life.
Cladistics. 2010;27(4):417–427.
8. Wu M, Eisen JA. A simple, fast, and accurate method of phylogenomic inference.
Genome Biol. 2008;9(10):R151.
9. Wu D, Hugenholtz P, Mavromatis K, Pukall R, Dalin E, Ivanova NN, et al. A
phylogeny-driven genomic encyclopaedia of Bacteria and Archaea. Nature. 2009
Dec;462(7276):1056–1060.
10. Rokas A, Williams BL, King N, Carroll SB. Genome-scale approaches to resolving
incongruence in molecular phylogenies. Nature. 2003 Oct;425(6960):798–804.
11. Jeffroy O, Brinkmann H, Delsuc F, Philippe H. Phylogenomics: the beginning of
incongruence? Trends Genet. 2006 Apr;22(4):225–231.
12. Gamermann D, Montagud A, Conejero JA, Urchueguia JF, de Cordoba PF. New
approach for phylogenetic tree recovery based on genome-scale metabolic
networks. J Comput Biol. 2014 Jul;21(7):508–519.
13. Jeong H, Tombor B, Albert R, Oltvai ZN, Barabasi AL. The large-scale
organization of metabolic networks. Nature. 2000 Oct;407(6804):651–654.
14. Clemente JC, Satou K, Valiente G. Phylogenetic reconstruction from
non-genomic data. Bioinformatics. 2007 Jan;23(2):e110–115.
15. Deyasi K, Banerjee A, Deb B. Phylogeny of metabolic networks: A spectral
graph theoretical approach. Journal of Biosciences. 2015;40(4):799–808. Available
from: http://dx.doi.org/10.1007/s12038-015-9562-0.
Preprint 9/22
16. Kanehisa M, Goto S. KEGG: kyoto encyclopedia of genes and genomes. Nucleic
Acids Res. 2000 Jan;28(1):27–30.
17. Reyes R, Gamermann D, Montagud A, Fuente D, Triana J, Urchueguia JF, et al.
Automation on the generation of genome-scale metabolic models. J Comput Biol.
2012 Dec;19(12):1295–1306.
18. Gross JL, Yellen J, Zhang P. Handbook of Graph Theory, Second Edition. 2nd
ed. Chapman & Hall/CRC; 2013.
19. Needleman SB, Wunsch CD. A general method applicable to the search for
similarities in the amino acid sequence of two proteins. J Mol Biol. 1970
Mar;48(3):443–453.
20. Brin S, Page L. The anatomy of a large-scale hypertextual Web search engine.
Computer Networks and {ISDN} Systems. 1998;30(1–7):107 – 117. Proceedings
of the Seventh International World Wide Web Conference. Available from:
http://www.sciencedirect.com/science/article/pii/S016975529800110X.
21. Allesina S, Pascual M. Googling Food Webs: Can an Eigenvector Measure
Species’ Importance for Coextinctions? PLoS Comput Biol. 2009
09;5(9):e1000494. Available from:
http://dx.doi.org/10.1371%2Fjournal.pcbi.1000494.
22. Winter C, Kristiansen G, Kersting S, Roy J, Aust D, Kno¨sel T, et al. Google
Goes Cancer: Improving Outcome Prediction for Cancer Patients by
Network-Based Ranking of Marker Genes. PLoS Comput Biol. 2012
05;8(5):e1002511. Available from:
http://dx.doi.org/10.1371%2Fjournal.pcbi.1002511.
23. Sukumaran J, Holder MT. DendroPy: a Python library for phylogenetic
computing. Bioinformatics. 2010;26(12):1569–1571. Available from: http:
//bioinformatics.oxfordjournals.org/content/26/12/1569.abstract.
24. Henikoff S, Henikoff JG. Amino acid substitution matrices from protein blocks.
Proc Natl Acad Sci USA. 1992 Nov;89(22):10915–10919.
25. Dayhoff MO, Schwartz RM. Chapter 22: A model of evolutionary change in
proteins. In: in Atlas of Protein Sequence and Structure; 1978. .
26. Pearson WR. In: Selecting the Right Similarity-Scoring Matrix. John Wiley &
Sons, Inc.; 2002. Available from:
http://dx.doi.org/10.1002/0471250953.bi0305s43.
27. Suzuki R, Shimodaira H. Pvclust: an R package for assessing the uncertainty in
hierarchical clustering. Bioinformatics. 2006 apr;22(12):1540–1542. Available
from: http://dx.doi.org/10.1093/bioinformatics/btl117.
28. Plata G, Henry CS, Vitkup D. Long-term phenotypic evolution of bacteria.
Nature. 2015 Jan;517(7534):369–372.
29. Langville AN, Meyer CD. A Survey of Eigenvector Methods for Web Information
Retrieval. SIAM Review. 2005;47(1):135–161. Available from:
http://dx.doi.org/10.1137/S0036144503424786.
30. Langville AN, Meyer CD. Google’s PageRank and Beyond: The Science of Search
Engine Rankings. Princeton, NJ, USA: Princeton University Press; 2006.
Preprint 10/22
31. Meyer CD, editor. Matrix Analysis and Applied Linear Algebra. Philadelphia,
PA, USA: Society for Industrial and Applied Mathematics; 2000.
Preprint 11/22
Supplementary Material: The Pagerank algorithm
The Pagerank algorithm is based on the existence of a unique eigenvector associated to
the eigenvalue 1 for any arbitrary regular Markov transition matrix. In this case, we
also have that all other eigenvalues have modulus strictly smaller than 1. The idea of
Pagerank algorithm is to transform the adjacency matrix of a graph into a regular
Markov transition matrix and then, to find the Perron-Fro¨benius vector, see [20] and
also [29,30].
First, given a set of organisms, we consider a new graph were the nodes correspond
to metabolites present in at least one organism from the set. The set of edges represent
if a pair of metabolites is connected in at least one organism. The weighted adjacency
matrix M indicates the frequency that each pair of metabolites are connected in
different organisms. More precisely, for an arbitrary pair i, j, Mij stands for the number
of times that a link connecting metabolite i with metabolite j appears among the
organisms in the set.
Then, we define the matrix S for computing the relative frequency of a connection of
metabolite i with metabolite j respect the total number of connections of metabolite i
with the others metabolites in the set.:
Sij =
Mij
kj
(5)
kj =
∑
i
Mij (6)
To understand what matrix S means, imagine a random walker in node j of our network.
He goes to the node i with a probability given by Sij . Let us take a column vector φ,
whose coordinate i indicates the probability to find our walker at node i of our graph at
a certain moment. All the entries of vector φ are positive and they add to 1. Then, after
our walker changes its position once, the new probability vector would be given by Sφ.
So as to, after n jumps, it would be given by Snφ. If all the entries of S were strictly
positive, in the limit that n goes to infinity we obtain a stationary probability vector ϕ:
Sϕ = ϕ (7)
which means that the vector ϕ is the eigenvector of S with eigenvalue equal to 1, see for
instance [31]. This convergence can also be deduced as a consequence of the Banach
fixed point theorem [30].
As we have reported, S is an adjacency matrix and it usually has many entries which
are null. The graph represented by the matrix S may have disconnected components or
bottle necks (in the case of a directed network). In these cases, the Perron-Fro¨benius
theorem that ensures the existence of a single eigenvector corresponding to the
eigenvalue 1 would not stand. A trick for making the matrix S strictly positive and
without disconnected components or bottle necks is to introduce a probability (1− α) of
a random jump in between any two nodes of the graph by using matrix G, instead of S,
defined as:
Gij = αSij +
1− α
n
(8)
where n is the total number of nodes in the network and 0 < α << 1.
Finally, the Pagerank of metabolite i is defined as the element i of the eigenvector ϕ
of G given by:
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Gϕ = ϕ (9)
Once computed the pagerank for all the metabolites in a set, we define the edge weights
wl in Eqs (2)-(4) as:
wl = ϕi + ϕj (10)
where the edge l connects metabolites i and j, whose respective pageranks are ϕi and
ϕj .
In Figure 5 we show a plot for the elements of the eigenvector ϕ calculated for a set
of 10 organisms chosen at random from our dataset.
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Figure Legends
Figure 1. Schematic of A, B and C sets and their parameters.
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Obtain dendrogram for one organism set. Compare the difference between
dendrograms for many sets.
Figure 2. Work flow for evaluating and comparing dendrograms. (Bacteria cartoons
from https://pixabay.com/)
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Figure 3. Cluster of dendrograms built with different methodologies for the first
ensemble of organisms.
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Figure 4. Cluster of dendrograms built with different methodologies for the second
ensemble of organisms.
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Figure 5. Page rank vector for α = 0.99 ordered for a set of 10 organisms chosen at
random.
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Tables
Table 1. Comparison of DENZS dendrograms built using different scoring matrices for the first ensemble
(10 sets of 20 organisms in each set).
DENDROGRAMS BLO 55 BLO 62 BLO 90 PAM 60 PAM 120 PAM 250 RAND
BLO 45 0.055 ± 0.025 0.524 ± 0.038 1.219 ± 0.071 2.082 ± 0.137 1.146 ± 0.104 0.462 ± 0.113 15.237 ± 0.463
BLO 55 0.516 ± 0.036 1.210 ± 0.068 2.064 ± 0.136 1.135 ± 0.108 0.480 ± 0.114 15.246 ± 0.462
BLO 62 0.721 ± 0.062 1.581 ± 0.123 0.662 ± 0.098 0.805 ± 0.133 15.733 ± 0.493
BLO 90 0.897 ± 0.080 0.305 ± 0.075 1.479 ± 0.152 16.383 ± 0.536
PAM 60 1.021 ± 0.084 2.344 ± 0.183 17.213 ± 0.596
PAM 120 1.368 ± 0.150 16.318 ± 0.554
PAM 250 15.088 ± 0.480
RAND
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Table 2. Comparison of Different Gene-based and Network dendrograms for the first ensemble (10 sets of
20 organisms in each set).
DENDROGRAMS D1ENZ DRIBO DS1 DS2 DNET1 DNET2 DNET3 DNET4 DRAND
DENZS 3.796 ± 1.471 4.631 ± 1.706 13.062 ± 0.402 13.036 ± 0.380 5.345 ± 1.348 5.612 ± 1.076 8.432 ± 1.345 7.189 ± 1.427 15.156 ± 0.417
D1ENZ 4.918 ± 1.964 12.022 ± 1.742 11.999 ± 1.872 5.687 ± 1.991 5.698 ± 1.642 7.936 ± 2.592 6.782 ± 1.888 14.200 ± 1.933
DRIBO 9.883 ± 1.430 9.848 ± 1.493 4.910 ± 0.678 5.497 ± 0.874 5.931 ± 1.612 5.504 ± 1.110 12.091 ± 1.532
DS1 3.147 ± 1.209 9.673 ± 1.901 9.987 ± 1.878 6.762 ± 1.771 8.455 ± 1.494 9.150 ± 0.480
DS2 9.614 ± 1.753 9.902 ± 1.365 6.656 ± 1.682 8.362 ± 1.408 9.148 ± 0.423
DNET1 3.968 ± 0.513 3.929 ± 0.635 4.361 ± 1.307 12.254 ± 1.293
DNET2 5.982 ± 1.165 5.379 ± 0.963 12.728 ± 1.127
DNET3 3.953 ± 0.888 9.938 ± 1.085
DNET4 11.050 ± 1.109
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Table 3. Comparison of Different Gene-based and Network dendrograms for the second ensemble (10 sets
of 30 organisms in each set).
DENDROGRAMS D1ENZ DRIBO DS1 DS2 DNET1 DNET2 DNET3 DNET4 DRAND
DENZS 4.482 ± 1.040 6.635 ± 1.524 18.157 ± 0.709 18.202 ± 0.747 7.925 ± 2.445 8.458 ± 0.700 12.380 ± 1.701 10.129 ± 1.827 22.456 ± 0.835
D1ENZ 6.625 ± 1.752 17.028 ± 2.314 17.028 ± 2.379 8.333 ± 2.739 8.735 ± 0.874 11.728 ± 2.983 9.750 ± 2.659 21.295 ± 2.334
DRIBO 14.118 ± 1.629 14.140 ± 1.641 7.532 ± 1.480 8.392 ± 1.509 8.859 ± 2.307 7.123 ± 1.825 18.479 ± 1.452
DS1 5.046 ± 1.076 13.342 ± 2.805 15.033 ± 1.702 8.645 ± 1.449 11.584 ± 1.408 12.970 ± 0.897
DS2 13.328 ± 2.625 15.078 ± 1.717 8.700 ± 1.317 11.622 ± 1.253 13.028 ± 0.917
DNET1 6.347 ± 2.633 6.035 ± 1.762 5.976 ± 1.099 18.153 ± 2.231
DNET2 9.536 ± 2.679 8.036 ± 2.136 19.841 ± 1.785
DNET3 5.391 ± 1.401 14.121 ± 0.940
DNET4 16.337 ± 0.933
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Additional Files
ensembles.txt
The file ensembles.txt contains the organisms in each set in each ensemble used in
this work. The organisms are referred to by their KEGG code.
trees.txt
The file trees.txt contains all dendrograms generated for each set in each ensemble.
The dendrograms are given in newick format.
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